LAMOST DR5 released more than 200,000 low resolution spectra of early-type stars with S/N>50. Searching for metallic-line (Am) stars in such a large database and study of their statistical properties are presented in this paper. Six machine learning algorithms were experimented with using known Am spectra, and both the empirical criteria method (Hou et al. 2015) and the MKCLASS package (Gray et al. 2016) were also investigated. Comparing their performance, the random forest (RF) algorithm won, not only because RF has high successful rate but also it can derives and ranks features. Then the RF was applied to the early type stars of DR5, and 15,269 Am candidates were picked out. Manual identification was conducted based on the spectral features derived from the RF algorithm and verified by experts. After manual identification, 9,372 Am stars and 1,131 Ap candidates were compiled into a catalog. Statistical studies were conducted including temperature distribution, space distribution, and infrared photometry. The spectral types of Am stars are mainly between F0 and A4 with a peak around A7, which is similar to previous works. With the Gaia distances, we calculated the vertical height Z from the Galactic plane for each Am star. The distribution of Z suggests that the incidence rate of Am stars shows a descending gradient with increasing |Z|. On the other hand, Am stars do not show a noteworthy pattern in the infrared band. As wavelength gets longer, the infrared excess of Am stars decreases, until little or no excess in W1 and W2 bands.
INTRODUCTION
As a class of chemically peculiar (CP) stars, Metallicline (Am) stars show weaker CaII K lines and enhanced metallic-lines in their spectra than normal A type stars. They were firstly described by Titus & Morgan (1940) , and were formalized into the MK system by Roman et al. (1948) . Conti (1970) gave a more detailed definition of Am star describing the nature of itself. These stars, in whose atmosphere, presenting the underabundance of the calcium (or scandium) elements and/or the overabundance of iron-group elements, are defined as the Am stars. According to the above definition, Conti (1970) divided Am stars into three subgroups, which are stars with both weak CaII K lines and strong metallic lines, investigated light variations of 29 Am stars. However, the numbers of Am stars used in above studies are still too few for their incidence, and the lack of Am stars has become a bottleneck in understanding Am phenomenon.
After the first catalog of the chemically peculiar (CP) stars (Renson et al. 1991) , Renson & Manfroid (2009) collected about 4,000 Am stars (or probable) from a large number of literatures and presented another catalogue of CP stars, in which 116 stars have been well studied. According to an empirical separation curve (ESC) derived from the line index of Ca II K line and 9 groups Fe lines, Hou et al. (2015) found 3,537 Am candidates from LAMOST DR1. This is the first search work of Am stars in a large database of low resolution spectra. However, Am stars and normal stars can not be distinguished in their marginal region simply by using a separation curve alone. In the following year, Gray et al. (2016) employed the MKCLASS program to classify spectra in the LAMOST-Kepler field and totally obtained 1,067 Am stars with hydrogen line types ranging between A4 and F1.The MKCLASS is a spectral classification software that performs the classification through mimicking human-like reasoning, but it was designed for spectra with common type and high quality and sometimes will not succeed on low quality or rare objects.
A number of of sky survey projects, such as RAVE, LAMOST, SEGUE, and GAIA-ESO etc., collecting a massive number of stellar spectra which provide us opportunities to search for Am stars. Traditional astronomical research methods such as manual operation and human identification are no longer sufficient. Many machine learning algorithms have been used in analysis of astronomical data because of their ability to efficiently search and recognize certain type of stars. In this paper, we intend to search for Am stars using machine learning methods. Compared with various sophisticated classification algorithms, the RF algorithm wins both in successful rate and efficiency. In addition, we still need a manual inspection step to guarantee correctness of Am stars obtained by machine learning since the metallic lines in low resolution spectra are very weak and are easily affected by noise. Therefore, we adopt the RF algorithm to design a classifier, and manual examination is used to further check the results.
A key issue is to rule out the contamination by Ap stars, which are also belong to a class of CP stars. Only one or a few elements (including silicon, chromium, strontium, and europium) are extremely enhanced in their stellar atmosphere. Since some Ap stars also exhibit abundance characteristics of Am stars (Smith 1996; Romanyuk 2007 ) to a certain degree, the obtained Am data set may contain a small amount of Ap stars. The largest difference between Am and Ap stars is that Ap stars have intense magnetic fields. However, it is difficult to distinguish between Am and Ap stars in low resolution spectra without spectral features caused by the magnetic effect. In this work, we only can label some spectra with extreme abundance of elements such as silicon, chromium, strontium or europium. Since those elements are also generally enhanced in Am stars (Gebran et al. 2008; Fossati et al. 2008a ), we need follow-up analysis with high resolution spectra to identify whether they are Ap stars or Am stars.
A large sample of Am stars from a single survey without instrumental or processing differences is useful for statistical study. In this paper, we searched for Am stars in LAMOST DR5 using machine learning methods in conjunction with manual inspection. The paper is organized as follows. In Section 2, we describe the data sets used in this study and data preprocessing steps. In Section 3, we compare various classification methods and show the advantage of RF algorithm in searching for Am stars, and give the result of Am through manually check as well as possible Ap stars. In Section 4, we conduct some physical statistical analysis for the Am stars. Then, a discussion is presented in Section 5. Finally, we summarize this work in Section 6.
2. DATA
LAMOST Data
The Large Sky Area Multi-Object Fiber Spectroscopic Telescope (LAMOST) is a reflecting Schmidt telescope with 4-m effective aperture and 5-degree field of view. 4000 fibers are mounted on the focal plane enable it observe 4000 objects simultaneously. The telescope is dedicated to a spectral survey over the entire available northern sky and is located at the Xinglong Observatory of Beijing, China (Cui et al. 2012; Zhao et al. 2012; Luo et al. 2012 Luo et al. , 2015 . Compared with SDSS spectroscopic observations, LAMOST survey is more concentrated on the Galactic disk where exists more young stars and is very advantageous to search for Am stars.
By the end of the first five-year regular survey, LAM-OST has obtained 9,017,844 spectra of stars, galaxies, and QSOs with spectral resolution of R ≈ 1800, wavelength coverage ranging from 370 to 900 nm, and magnitude limitation is about of r ≈ 17.8 mag for stars. The total number of stellar spectra reaches 8,171,443, making it a gold mine waiting to be exploited. All the above numbers can be found in the LAMOST spectral archive 1 .
Before searching for Am stars, we limited the search scope to a certain range through the following conditions:
1. Because spectral type of Am stars are generally A-and early F-type, we limited the search to only A-, F0-, F1-, and F2-type stars in LAMOST DR5, whose spectral types come from the LAMOST 1D pipeline.
2. The spectral features of Am stars mainly appears in blue wavelength band, and their metallic lines are relatively weak and susceptible to noise, thus we only retained spectra with the signal-to-noise ratio of the g-band greater than 50 (S/N 50).
3. To ensure the accuracy and stability of classification, we eliminated some spectra containing zero flux in the blue spectra.
More than 10% objects have been repeatedly observed multiple times by LAMOST. For such targets, we only retain the spectra with the highest signal-to-noise ratio. Finally, we obtain 193,345 stellar spectra as our searching data set. We need labeled data to form the training and testing data sets, and all the labeled data are also handled using the three operations above except for Evaluation Set II, .
Labeled Data
In order to train and test the classifier, we collected known samples of Am stars and non-Am samples. We first selected Am samples with confidence greater than 0.5 and all non-Am stars from the work of Hou et al. (2015) , and then removed those close to the experience separation curve to ensure the purity of the Am positive and the non-Am negative sample sets. This yielded 1,805 Am stars as positive samples. For the non-Am stars, further screening was conducted using of MK-CLASS software. We randomly chose the same number of non-Am stars as negative samples, and these positive and negative samples were distributed on average in the training and test sets. Finally, we obtained 1,806 training samples and 1,804 test samples. Renson & Manfroid (2009) Note-The first column lists the name of the dataset. The second column contains the number of samples in the dataset screened out by various criteria. The third column is the functional description of these datasets in this work. The last column lists the sources of these datasets.
In addition, we also chose some Am stars from Gray et al. (2016) and Renson & Manfroid (2009) as evaluation sets in order to evaluate the performance of a variety of methods. For 1,067 Am stars presented by (Gray et al. 2016 ), we applied the pretreatment process in 2.1. Then according to K-line and metallic-lines spectral subtypes, those samples were classified into classical Am stars and marginal Am stars. The former, K-line type is earlier than the metallic-line type for at least five spectral subtypes. The latter, the difference between the two types is less than five spectral subtypes (Gray & Corbally 2009; Morgan et al. 1978) . We obtained 357 classical Am stars and 76 marginal Am stars as Evaluation Set I. The 116 known Am stars from the catalog of Renson & Manfroid (2009) were cross-matched with LAMOST DR5, and only four counterparts were found, which were comprised in Evaluation Set II. All labeled data sets are summarized in Table 1 .
SEARCHING FOR AM STARS

Input Feature Selection
According to the characteristics of underabundance of Ca elements and overabundance of Fe group elements in the atmosphere of an Am star, Hou et al. (2015) classified Am stars using the empirical separation curve (ESC here after), which is derived from line indices of K line and 9 groups Fe lines. We used Evaluation Set I to evaluate the classification ability of the ESC, as shown in Figure 1 , in which there are 357 stars labeled as classical Am stars (green dots in the figure) and 76 stars labeled as marginal Am stars (blue dots). We found that only 345 classical and 52 marginal Ams were judged as Am stars by the ESC (red curve), i.e. the recall through the ESC is 0.966 for classical Am stars and 0.684 for marginal Am stars respectively. Obviously, the ESC based on line index method is slightly inadequate for distinguishing marginal Am stars from normal early-type stars. This is mainly because the chemical peculiarity of the marginal Am stars is much weaker than the classical Am stars, and the difference between the marginal Am stars and the normal earlytype stars is smaller than that of the classical Am stars. In addition, some spectral lines, such as Fe lines, are weaker and the batch calculation of those line indices will lead to large errors, which will reduce the recall rate of marginal Am stars.
Based on the above reasons, we decided to use the fluxes of spectra as the input features of classifier. Considering that the spectral line characteristics of Am stars are more densely concentrated in the blue wavelength range than the red, we choose the normalized fluxes in wavelength range between 3800Å, and 5600Å, as the input values of the classifier model.
Input Feature Normalization
Before selecting a classification model, we must remove the influence of pseudo-continuum on the classifier. This is the key to successfully distinguish Am stars. We have improved the fitting technology of pseudocontinuum (Lee et al. 2008) by applying the automatic identification operation of strong lines. The details of this procedure are as follows.
Step 1, wavelength of all spectra was truncated from 3800Å to 5600Å .
Step 2, a ninth-order polynomial was used to fit each spectrum, and those points that are outside 3σ away from the fitted function were masked including the strong spectral lines, cosmic rays and sky emissions residual from data reduction.
Step 3, a ninth-order polynomial was used to iteratively fit spectra, where points more than 3σ below the fitted function were rejected. The purpose is to find the approximate upper envelope of each spectrum as its pseudo-continuum.
Step 4, the pseudo-continuum was removed from each spectrum through dividing the observed spectrum by the pseudo-continuum. The intensity of each spectrum was rectified using this method. Figure 2 shows the results obtained with the improved method. One can see from Figure 2 that the pseudo continuum is well removed from the spectrum. 
Classifier Selection
We selected six sophisticated classification algorithms from scikit-learn web: K-nearest neighbors (KNN), support vector classification (SVC), Gaussian process (GP), decision tree (DT), RF, and Gaussian naive Bayes (GNB). According to the parameter values recommended by the website, we trained these classifiers on the training set separately and tested their performance on the test set. We then performed two external evaluations for the first three winning classifiers and compared them to the previous methods of searching for Am stars such as ESC and MKCLASS software, and finally chose the RF algorithm as the classifier in our work.
Classifier Evaluation Criteria
We used precision, accuracy, recall, and F1 score as the criteria to evaluate the classifiers. The four evaluation criteria are defined as follows: Since the test set is composed of labeled samples, it is easy to judge whether the classifier's classification results are correct on the test set. TP is the number of true positive samples that are correctly classified as Am stars by a classifier. FP is the number of false positive samples that are misclassified as Am stars by the classifier. Similarly, TN is the number of true negative samples that are correctly classified as non-Am stars by the classifier, and FN is the number of false negative samples that are misclassified as non-Am stars by the classifier. Precision is the fraction of true positive samples among the set of Am classified by the classifier. Accuracy measures the fraction of samples that are correctly classified in the entire set. Recall measures the fraction of Am that are correctly classified over the total amount of Am. F1 score is the harmonic mean of precision and recall.
Internal Testing
The samples in the training set and the test set come from Hou et al. (2015) , among which the positive samples (Am star) were labeled by ESC while the negative samples (non-Am) were labeled by both ESC and MK-CLASS software. According to the catalogue of Hou et al. (2015) , the positive samples in the training set consisted of 490 (54.3%) classical Am stars and 413 (45.7%) marginal Am stars without considering the uncertainty of the spectral subtypes of the K line and metallic lines. Through the aforementioned classifiers trained on the training set, their classification performance on the test set are listed in Table 2 . This table is ordered in terms of the F1 scores. Clearly, the first three classifiers (GP, KNN, and RF) show better performance during the internal test. Note-Here, we only show the accuracy and F1 in classical Am set and marginal Am set, because the recall equals to the accuracy and the precision equals 1 for positive samples. Meanwhile only the accuracy is listed in the non-Am set because the precision, the recall and F1 are all equal 0 for negative samples,
We also divided the test set into three subsets: classical Am, marginal Am, and non-Am, and tested the performance of the classifiers on them separately. The detailed information is listed in Table 2 . As can be seen from the table, the first three classifiers also have good classification performance for the marginal Am stars.
External Evaluation I
The evaluation data set I come from Gray et al. (2016) , which consists of 357 classical and 76 marginal Am spectra, and were labeled by MKCLASS software.
We tested the classification performance of GP, KNN, RF, and compared them with ESC using the data set. These results are shown in Table 3 . For comparison purposes, the table is ordered in terms of the F1 scores. It can be seen from Table 3 that the classification performance of RF is more stable than that of other machine learning algorithms. In addition the classification ability of RF is also more prominent than the ESC method for both classical and marginal Am stars. Evaluation Set II were used to compare the RF algorithm with the MKCLASS software. The samples in Evaluation Set II come from the catalog of Renson & Manfroid (2009) , in which only four counterparts can be found in LAMOST DR5. The RF algorithm and the MKCLASS package were used to classify the four wellstudied Am stars, and the results are listed in Table 4 . These stars were also recognized as Am in some literatures based on analyzing the abundance of chemical elements and these literatures are also listed in Table  4 for reference. The RF algorithm classified these four stars as Am Stars, which is consistent with the results from these literatures. However, MKCLASS software can only classify the star HD73818 out of the four stars as an Am star. Obviously, the RF classifier is a more suitable tool for searching for Am stars. After all, the MKCLASS software is not a specially developed software for Am stars.
External Evaluation II
For visually inspection of the four Am stars, we plot their spectra and corresponding normal stellar templates with the same spectral types given by H lines in Figure  3 . The best matching Kurucz template (Castelli & Kurucz 2003) for each spectrum was obtained through cross correlation. The black one in each panel is the normalized Am spectrum while the red one is the best matching template. One can see that the the Balmer lines of the four Am spectra fit well with their best templates, but the strength of the K-lines are weaker than that of their templates, on the other hand the metallic lines show just the opposite. This is in line with the characteristics of the first subgroup of Am stars with weak K line and strong metallic lines.
Compared with ESC, MKCLASS, GP, KNN, SVC, DT, and GNB methods, the RF algorithm is the best choice to search for Am stars. After obtaining Am candidates using RF algorithm, eyeball check was conducted comparing with the best matching templates.
RF-Based Classifier
The RF algorithm a one kind of the bagging algorithm in ensemble learning. N training samples are randomly selected from the original sample set using the Bootstrapping method with replacement, and K training sets are obtained by K-round extraction. The K training sets are independent of each other, and elements can be duplicated. The K decision tree models are trained on the K training sets, and vote to produce classification results.
The number of decision trees, K, is a key parameter in the RF algorithm, the larger the number of decision trees, the better the classification results, the longer time consumption. After multiple attempts, we used 1800 as the value of the number of decision trees as well as the number of input features. The remaining parameters were set to the default values.
One advantage of the RF algorithm is that it can be used to evaluate the importance of each feature. Figure  4 shows the importance and accumulative importance of all features. The importance decreases sharply with the number of features and is almost negligible after number 300. The first 300 features play important roles in classification, and their accumulated importance reaches 91.2%. Figure 5 shows the distribution of the first 300 features in a spectrum. Those features basically fall on the absorption lines of CaII K, H, and transition metal elements, which are considered to be very important elements distinguishing Am stars.
We identified the spectral lines where the first 50 feature points are located by consulting the line table of the theoretical model of Moore and other early-type stars literatures (Przybilla et al. 2017; Adelman 1994; Coupry et al. 1986; Smith 1973) . The details are listed in Table  5 . We only listed the main elements contained in spectral lines since metal lines in low-resolution spectra are mostly blended lines. It should be noticed that feature numbers and importance are not absolute. Different RF algorithm classifiers will produce different results because the data used by RFs in constructing each decision tree are randomly selected from the training set. Fortunately, their ranking and importance do not change much for most of the important features. It should also be noted that the wavelengths of the features are all in vacuum, because spectra of LAMOST are all converted to vacuum wavelength, and you can find the relevant keyword "VACUUM" in the FITS header of the spectra.
Manual Inspection
Three reasons require manual inspections of the Am candidates obtained using RF method: First, the in- tensities of metal lines in Am spectra are very weak and are easily masked by noise, which would lead to errors in the results. Second, although the spectra were rectified, the residual continua still could affect the classification. Third, the precision of RF algorithm is 0.991, means there are still a small fraction of stars might be wrongly recognized.
The specific process of manually inspection is to compare the spectral lines of those candidates with their best matching synthetic template, a set of quantitative standards is as follows:
where, K spe and K mod are the CaII K lines of a spectrum and its matching template, respectively. M spe and M mod are metallic lines of a spectrum and its matching template, respectively. EW (·) is the equivalent width of a spectral line.
In this work, we adopted the same EW definition of the CaII K line as Liu et al. (2015) Figure 6 shows an example of a local pseudo continuum of 15 Fe-group lines.
Although there are some uncertainty in calculating the equivalent width in batches, such as noise interference in Fe lines or mixing of other metal lines in the CaII K line wing, the line ratio of the CaII K to Hε or Hδ can be verified as important criteria during manual inspection.
Labelling Ap stars
There is some contamination by Ap stars to the obtained Am candidates because of similar spectral features. Most of the Ap stars are actually B-type stars, while a small portion of Ap stars are also found in Aand F-type stars. Among those cooler Ap stars, some also exhibit the characteristics of the overabundance of Fe elements and the underabundance of Ca elements. Therefore, a small amount of Ap stars will be mixed with Am stars.
According to the definition of Ap star, we thought of objects whose Sr, Cr, Eu, or Si element are extremely abundant as Ap candidates. In general, the abundance of Sr, Cr, Eu, and Si in Am stars rarely exceeds 2.0 relative to the abundance of the sun Catanzaro & Ripepi 2014; Smith 1996; Lane & Lester 1987) . Therefore stars with Sr, Cr, Eu, or Si element abundance exceeding 2.0 are likely to be Ap stars. The detailed method of finding Ap candidates is as follows: Firstly, according to the prominent spectral lines in the (2015), respectively. All spectra and templates are normalized and the templates have been offset vertically by 0.6 continuum units for clarity. There is an abnormally strong absorption line at around 4480Å of Panel (d), which was caused by bad CCD pixels present in the raw data. The bad pixels were not removed by the data reduction pipeline.
blue-violet spectra of Ap stars (Gray & Corbally 2009) , and excluding some lines with nearby FeI lines or other Hou et al. (2015) to calculate the EW(tem) and EW(obs) of the 4077Å blend line for both the templates and observed Am spectra, and marked those objects as Ap candidates if their EW(obs)> EW(tem).
Result
For 193.345 spectra of the searching data set described in Section 2.1, we simply fitted with Kurucz templates in the wavelength range of [3900Å, 5600Å] to obtain T eff and logg. With the stellar parameters, we can further constrain the searching data set with 6500 K< T eff 11000 K and logg 4.0 dex, since the Am phenomenon often occurs in A-and early F-type main-sequence stars. By this constraint, 98,202 spectra were retained, and then the RF classifier was applied to identify 15,269 Am candidates, for which we carried out manual inspections. After these inspections we discarded 4,766 spectra, among which 1,338 candidates (28%) do not meet the reference criteria of Section 3.5, 2,585 spectra (54%) cannot be recognized by human eyes because of their small peculiarity, and 843 spectra (18%) are of bad spectral quality and not sufficient to identify the Fe line. In addition, using the method described in Section 3.6, we found 1,131 objects with extreme overabundance of Sr, Cr, or Si elements and labeled them as Ap candidates in the catalog. Whether or not they have the nature of Ap needs to be identified by subsequent analysis of their magnetic field strength. In total the catalog has 10,503 entries including 9,372 Am stars and 1,131 Ap candidates. In the statistical analysis section below, we excluded them from Am stars. For each Am star in the catalog, we also determined three different spectral subtypes of its K-line, Hlines, and metallic lines using the template matching method. The band used to match the spectral subtype of metallic-lines is the combined band of [4140Å, 4300Å], [4410Å, 4600Å] , and [4900Å, 5400Å]. The matching band for H-lines is a combination of the Hβ, Hγ, and Hδ bands.It is worth noting that the spectral subtype obtained by matching with templates in the specific wavelength ranges alone are not completely accurate, and the spectral subtypes of some Am stars do not conform to the common characteristics of Am stars, i.e. the K-line spectral subtype is earlier than the metallic-line spectral subtype. This is why we can not use this criterion for Am search directly.
The complete catalog of identified Am stars can be downloaded http://paperdata.china-vo.org/Qinli/2018/ dr5 Am.csv, and the example catalogue is presented in Appendix A.
STATISTICAL ANALYSIS
Effective Temperature Distribution
We analyzed the effective temperature distribution for these Am stellar samples. Figure 7 shows that the distribution of Am stars and the incidence of Am stars in different effective temperature bins. As can be seen from Figure 7 , the results are consistent with the conclusion presented by Smalley et al. (2017) , namely that the temperature of Am stars is mostly distributed between 7250 K (F0) and 8250 K (A4), peaking near 7750 K. Due to our strict screening, the fraction of Am stars to the total A-and early F-type stars is smaller than the values reported in previous studies (Smith 1971; Abt 1981; Gray et al. 2016) . The incidence of Am stars we give can be used as the lower limit.
Space Distribution
The spatial distribution of Am stars in the Galactic coordinate plane is plotted in Figure 8 . The blue points indicate all A-and early F-type stars, and the red points are for Am stars. As shown in Figure 8 , the number of Am stars on the Galactic disk is significantly higher than that in other regions, because most of the observa- tions of LAMOST are concentrated on the Galactic disk, especially in the anti-center direction. The LAMOST Spectroscopic Survey of the Galactic Anti-center (LSS-GAC), which covers Galactic longitudes 150
and latitudes |b| ≤ 30
• , is a unique component of LAM-OST Experiment for Galactic Understanding and Exploration (LEGUE) spectroscopic survey . In order to further understand the spatial distribution of Am stars, we analyze the frequency of occurrence of Am stars as a function of the vertical distance from the Galactic plane (Z). We obtained the parallax(ω) of most spectra by cross-matching with the Gaia DR2. For spectra with parallax 0, we then cross-matched with the catalog in Bailer-Jones et al. (2018) and got their estimated distances. Eventually, we obtained the distances of 92,870 early-type stars and 8,951 Am stars. The vertical distance Z for each star can be calculated with the following formula:
where b is the Galactic latitude, and r is the estimated distance. In Figure 9 , the blue and green histograms show the distribution of early-type stars and Am stars along the vertical distance |Z|, respectively. In each bin, we calculated the incidence of Am stars and represented them with red points. Figure 9 suggests that the incidence of Am stars increases as |Z| decreases. . Distribution and incidence of Am stars as a function of vertical distance from the Galactic plane Z. The red points on the left to each bin are the incidence of Am stars, and we did not compute the incidence for the bins in which there are less than 10 early type stars because of no statistical meaning.
Infrared Photometry
We also performed infrared photometric analysis on these Am stars. First, we cross-matched them with 2MASS and WISE catalogs with a matching radius of 3.0 arcsec, and obtained the corresponding magnitudes of the J, H, K, W1, W2, W3, and W4 bands. Because the WISE satellite has low angular resolutions of 6.1, 6.4, 6.5, and 12.0 arcsec in the W1, W2, W3, and W4 bands, we often found that one 2MASS counterpart is a different object to the WISE counterpart. In order to avoid this case, multiple WISE sources within a search radius of 10.0 arcsec were eliminated. In order to improve the accuracy of the result, the photometric errors were limited to less than 0.1 mag in all three 2MASS bands (Skrutskie et al. 2006) and 0.05 mag in the W1 and W2 bands (Wright et al. 2010) . Then, the color excess of all data in the color (a−b) are estimated using the formula: E(a−b) = R(a−b)×E(B−V ), where E(B−V ) values are given in Schlafly & Finkbeiner (2011) and the R(a − b) values are reddening coefficients of the color (a − b) from Yuan et al. (2013) . We calculated color excess and dust reddening of 7,799 Am stars for the (J-H), (H-K), and (W1-W2) colors. Finally, our conclusions are shown in Table 7 . One can see a very clear downward trend in the incidence of infrared excess from near-infrared to mid-infrared, and the incidence reduces to 0.15% in the W1 -W2 region. This is in contradiction with the conclusion about Am stars from Chen et al. (2017) . They found that over half of Am stars have clear infrared excess ((W 1 − W 2) > 0.1) in the W1 -W2 region and have no or little infrared excess in the remaining regions, including J, H, K, and IRAS regions. We checked the data set from Chen et al. (2017) and found that they do not restrict the photometric precision to W 1 error < 0.05 mag and W 2 error <0.05 mag. When we add this constraint, there are only 3 sources in Chen's Am dataset with infrared excess. Thus, we statistically conclude that Am stars have no infrared excess in the W1 -W2 region. In order to understand the degree of metallicity overestimation in Am stars, we analyzed the metallicity distribution of Am stars with LAMOST atmospheric parameters. The metallicity given by LAMOST pipeline causes Am stars as a whole to be bi- 6. SUMMARY Eight classification methods (GP, KNN, RF, SVC, DT, GNB, ESC, and MKClASS) were compared in this study. The RF algorithm is chosen to search for Am stars among early-type stars in LAMOST DR5 and 15,269 Am stars candidate are obtained. We analyzed the top 50 classification features given by the RF classifier, the total importance of which reached 57.57%. We recognized these spectral lines that RF classification depends on. These lines mostly are iron elements and were used to identify Am stars in the step of manual inspection. In addition, we also compared the difference between Am and Ap stars, and labeled Ap candidates in the final catalog. Finally, we found 9,372 Am stars and 1,131 Ap candidates, and provided an Am star catalog. We performed statistical analysis of the temperature distribution, spatial distribution, and infrared photometry for these Am stars. The distribution of effective temperature shows that Am stars are mainly concentrated between F0 and A4, with a peak near A7, which is consistent with previous works. The spatial distribution suggests that the frequency of occurrence of Am stars is inversely related to the vertical distance from the Galactic plane (|Z|). We also conducted an infrared photometric study for Am stars. We noticed that the incidence of infrared excess in Am stars gradually reduces from the near-infrared to mid-infrared range.
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